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o SHPEELHIIE

B-HAFEEREART TBOM, BRAEE mRNA ZH, HNFMEEAEEEREGRENE; RNABRRTRERAN,
HNAEERSFMIPLERERRAT; ERAZREETETESFL, UFEERENEIMEIET EIRBENMN, SHAFESH
BT EMERERR—EMR, MIBILE—RRE—RILE, HESIE-TENFEFE.

RELHNEIES REERHE — T OESR: MEFARILES, XSS, MERBENE (X, W&, BEFEE, 5%
M) NERRNRE,

— T HEARZE AHFF

BRIRIFFLE—TRAS: 50 ™R, STHAMAERRA. FEMNEARALEUE, IMNGRERE (L., 2. =M
&), MRXEZ"— M EERRENTENZHEPFE", KNEE:

B7 BLRIF=4Y) EHIA

ARSI T = BEUEETRELE R [F bR ID R. dplyr

BRI E I3—ft. 4T IEIERIEERE EHEFERIA

FHIESS R BEN o ERE. EH < EFEAMET biomaRt. org.Hs.eg.db
HEXMIRE cis 1Hx. BEHEXE ggplot2. ComplexHeatmap
EoER ZAFET | HIRRE | HEER MOFA2, mixOmics. SNF
RRIRfRIE BTREFHENFEEX GSEA. XHAEIE
SREKEK EF /i8R vs FRE LR EEFED

1S B. &, BER R Markdown. Quarto

E'EEEE"X—F, EAMED=%:

o BEHAES (early integration) : EEBIFIEHR—DKEM, RERRAZTIRWGE, R, ERSREESHNIB—EE
=
=T o

o HHAEES (intermediate integration) : MEERIEEERNZEZAY, HEERE MOFA F] mixOmics,

o MRHAEES (late integration): FEMIISH, REEEREELE, tEWEH p EIFMIEIRRE,

REERE, BAD SFTEEFS AR MOFA B12; HARE. AR REARStHEERE; BRIRRTUIR S

>J®%& (Random Forest, f&/%%) EEN.
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BRIAK

RirER I8 iER

IR EIK MultiAssayExperiment, SummarizedExperiment R / Bioconductor i1 /ER2:
HEXMS W& WGCNA. igraph BEHIRBIFRRIN DT
ZAFEHAF MOFA2., mixOmics RERANTHRES

TR R 2 SNFtool ERTEEN

Meg%s) caret, tidymodels. scikit-learn 2 Z/E3/FRNEE

EEZLW survival, survminer Cox El/3. KM HiZk

AL ComplexHeatmap. ggplot2. pheatmap Z = heatmap. associations

MOFA2 B2 MESEMIRNT R, ERMRERS BRI BAZHEZR "WEBEF, SREAERYT, NHEAS/\HER, W
HENFRZAFBEHFIRE.

HEFEATTEIRS

ZHFNFAHEEHRELS, ETE/LDEBMEBFELS]:
BUES nE ES AO
TCGA iZ¥& BRA+ BEML + TR + kK BAapih. WEKM GDC Portal
CPTAC FHA + BRA + EEA EH-RNA S CPTAC
MOFA2 E7fl (CLL) KA + BEAM + R3EE + BIAL MOFA A7, 200 PR MOFA2
TCGA + xCell RZEEHD FRIER KA + R ARELARHERT BERBEXDH GDC

MOFA2 i) CLL BIEERIFHIEEHF: 4 MAFE. 200 MR, B2 load #HKMAER.

&=/ VAT RERYHBIF
FEM MOFA2 B%#Y CLL MURH—REELOEEH, MNBMRINELERFOENPSY, T 15 FRE:

BioF3 434


https://portal.gdc.cancer.gov/
https://proteomics.cancer.gov/programs/cptac
https://biofam.github.io/MOFA2/
https://portal.gdc.cancer.gov/
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if (!requireNamespace("BiocManager", quietly = TRUE)) install.packages("BiocManager")

BiocManager::install("MOFA2")
library (MOFA2)

# BARGIEYE: 184 (cun) ZAEF
file <- system.file("extdata", "CLL data.hdf5", package = "MOFA2")

model <- load_model(file)

# FERR: STHFEREENSETE

plot_variance_explained(model, x = "view", y = "factor")

# BRTRFESREELBRTZONE

plot variance_explained(model, max r2 = 10)

# ETEFENESSHHE (BE/REMURSE)

plot_top weights(model, view = "mRNA", factor = 1, nfeatures = 10)

# ERFEIRFEFATER L (EEANLEY)
metadata <- samples_metadata(model)

head(metadata)
plot_variance_explained ZHIL—IKAE, BTREBEF. BIIREFE. ALAFRE—REFSHM (AXHR),
BLEZEHERN (BAFHEER), EEBEBEEEMEEX.

EETXMF, BEIEMOFAIRXE CPTAC NEBEOMEE SRS,

EEERAK

1EiR E 0 RE

01 ZAFWHIRIT S5 F AL 2%
02 BAFHIEE RS FAEX BEL4
03 BEEXMRE BEL4
04 WGCNA 5 HFKIAEIR BL%
05 MOFA2 A F 5Lk Bt%
06 SNF AL S T AR BEL%
07 g% S TR E EL%
08 BOZERNEMPERLSRE EL%

FiE 8 MERE 4. Module 05 HrIBEMATI AL HUEE,

HEFRIEAR

e bulk RNA-seq SLE#i2
o EVESTHHIE

. BARAYTHNE
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file:///Users/zhangdiandian/Documents/1.WorkDir/BioinfoTools/BioF3/exports/articles/bulk-rnaseq/overview/index.html
file:///Users/zhangdiandian/Documents/1.WorkDir/BioinfoTools/BioF3/exports/articles/epigenomics/overview/index.html
file:///Users/zhangdiandian/Documents/1.WorkDir/BioinfoTools/BioF3/exports/articles/proteomics/overview/index.html

BioF3 HFEIBEH T

o REUETEES ggplot2 AJHIH

SEEDTNE— BRI L RZAFNERAIR, BNUTRATE

W

EER

e MOFA2 E E
e mixOmics M1
e SNFtool iiiFH

e MultiAssayExperiment Bioconductor
e TCGA GDC Portal
e CPTAC
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file:///Users/zhangdiandian/Documents/1.WorkDir/BioinfoTools/BioF3/exports/articles/basics/r-ggplot2/index.html
https://biofam.github.io/MOFA2/tutorials.html
http://mixomics.org/
https://cran.r-project.org/web/packages/SNFtool/
https://bioconductor.org/packages/MultiAssayExperiment/
https://portal.gdc.cancer.gov/
https://proteomics.cancer.gov/programs/cptac
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o2 BHPHIRITSHAILE

SAFBANE S AZHEE, MEWN" MERAEMBEZEHEEIE". 14 ID T, HIRFXTF. REEXARE
B—XERBENER, FEHNDTEZ=PEME.,

#78 1ID R SE

FEBFFEENE—HERNG R AL FEARS—#, TCGA A barcode ( TcGA-A1-A0SK-01A-11R-A084-07 ), S&HAA
BECVREDHI 12 i, FENHUER Sentrix ID, {REE—KMEFIEEMISE—FEEK.,

library(dplyr)

# RIR=KREFBECH 1D 5l
rna_samples <- colnames(rna_mat)
meth_samples <- colnames(meth mat)

prot_samples <- colnames(prot mat)

# FARREYRZI—
id map <- read.csv('"sample id mapping.csv")

# %: sample id, rna_ id, meth id, prot_id

# WEIZBHBNEAL
common <- id map %>%
filter(rna_id %in% rna_samples,
meth _id %in% meth_samples,
prot_id %in% prot_samples)

cat ("=BHBEHEAE:", nrow(common), "\n")

ERARAET AL
FEREFMLERA 2 A, SE—KHEMEKE, UpSet plot bt Venn BEEAZ RN LHIER:

library(UpSetR)
sample list <- list(

RNA = id map$sample_id[!is.na(id_map$rna_id)],
Methylation = id map$sample id[!is.na(id mapS$meth_id)],
Protein = id map$sample id[!is.na(id mapS$prot_id)]

)

upset (fromList (sample list), order.by = "freq")

MER—BRKLEGIRS, TEZRESIECHRERSZI, FERZISHAENSE (1 MOFA2),
MultiAssayExperiment & 23

Bioconductor Y MultiassayExperiment (MAE) EZHEFHIFENINERS. CIESREIE. HARSMIGKESHE—
e, FESTRBANERIRE.
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library(MultiAssayExperiment)

# tJ}2 ExperimentList

exp list <- ExperimentList(

RNA = SummarizedExperiment(assays = list(counts = rna mat)),
Meth = SummarizedExperiment(assays = list(beta = meth mat)),
Prot = SummarizedExperiment(assays = list(abundance = prot mat))

# FHARMGIR: 8TRAED primary sample FHEEENMNMT colname
smap <- listToMap(list(

RNA = data.frame(primary = common$sample_id, colname = common$rna_id),

Meth = data.frame(primary = common$sample id, colname = common$meth id),

Prot = data.frame(primary = common$sample id, colname = common$prot_ id)

))

# IGRIER
col _data <- DataFrame(row.names = common$sample id,
subtype = common$subtype,

stage = common$stage)

mae <- MultiAssayExperiment(experiments = exp list,

colData = col_data,

sampleMap smap)

mae

R ERRI LR ER

1. #E8: SHEBAWHAEERTE. MOFA2 ESEINZED 15 MMEA; SNF 7 30 MATHREFRE., MRE—E
RE 10 MR, ZRESEBIA.

2. HERFRNL . AEAFRIRRBN FED HILLE, RNA-seq A3 ComBat-seq, FRE{LA ComBat, EH4AM limma
removeBatchEffect, NEESHIENEZEHBMARIRIE,

3. B3t vs EECX . MRAEBAIBEMAMETHAEFIE, FTEREERARERNNTFE, TEAEAERKINGE,
MOFA2 ZHFERDERK, SNF 3285,

ZERIR
e MultiAssayExperiment Bioconductor
e MultiAssayExperiment {§F Ffift

e UpSetR £l
e TCGA barcode i7HH
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https://bioconductor.org/packages/MultiAssayExperiment/
https://waldronlab.io/MultiAssayExperiment/
https://cran.r-project.org/web/packages/UpSetR/
https://docs.gdc.cancer.gov/Encyclopedia/pages/TCGA_Barcode/
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03

FHPHIRE R RS I

B-RAFHIEEEANBES DT ZHE], MHEEIRUTHTNGIE, BEHEAIFBIRGIEIOREA, RARERTIAKRIF—LAT
BE—ukt X, fRER,

BEEMGHEER

¥R (RNA-seq)

library(DESeq2)

dds <- DESegDataSetFromMatrix(countData = rna_counts,

colData = sample_info,

design =~ 1)

# TIBERAERE
keep <- rowSums(counts(dds) >= 10) >= 5

dds <- dds[keep, ]

# REREN (BFTNHES, F=REFDH)
vsd <- vst(dds, blind = TRUE)

rna_mat <- assay(vsd)

MNTFEED

#r, BER VST 5 rlog ZR/FH9%EM, MAZRIE counts 3 TPM,

EHE{ (450K /EPIC)

library(minfi)

# M IDAT IEAN

rgSet <- read.metharray.exp(targets = targets)
# FIRLIE: Noob HRMIE + dye-bias WIE

mSet <- preprocessNoob(rgSet)

# JREX beta 1

beta <- getBeta(mSet)

# A8 £i8 sNp IREr. cross-reactive IR, MRBHRRE

beta <- beta[ !rownames(beta) %in% snp probes, ]

beta <- beta[ !rownames(beta) %in% cross_reactive, ]

beta <- beta[!grepl(""“ch\\.", rownames(beta)), ]

BioF3

ERECZR log2 intensity, EEAIFRRKAEMALIRIN -

9/34
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# TIERREE > 50% HIEH
miss_rate <- rowMeans(is.na(prot mat))

prot mat <- prot mat[miss_rate < 0.5, ]

# KNN 1E4p
library(impute)

prot mat <- impute.knn(prot mat)s$data

# HRIRIE
library(limma)

prot_mat <- removeBatchEffect(prot _mat, batch = batch_info)

FHEXIRL: MIREEIEE
BASHREFRASOSTANTAR - I (BERER), BELRHTIEA D PHEMEIE gene symbol,

REART > BER

library(IlluminaHumanMethylation450kanno.ilmnl2.hgl9)

anno <- getAnnotation(IlluminaHumanMethylation450kanno.ilmnl2.hgl9)
probe gene <- data.frame(

probe = anno$Name,

gene = anno$UCSC_RefGene_ Name,

stringsAsFactors = FALSE
)
# — PRI AIBEN NS T ER, BB promoter il
probe_gene$gene <- sapply(strsplit(probe_gene$gene, ";"),

probe_gene <- probe gene[probe gene$gene != "", ]

ERLHIRE
— M ERTENNSTREMR . B RHIEZE promoter KR AIYME:

# RE Tss200 F Tss1500 XIAYIRE

promoter probes <- anno$Name[grepl("TSS", anno$UCSC_RefGene_ Group) ]
beta promoter <- beta[rownames(beta) %in% promoter probes, ]

# BRERRE (BU9E)
probe_gene sub <- probe_gene[probe gene$probe $%in% rownames(beta_ promoter), ]
beta gene <- aggregate(beta promoter[probe gene sub$probe, ],
by = list(gene = probe_gene_sub$gene),
FUN = mean)
rownames (beta_gene) <- beta_ geneS$gene

beta_gene$gene <- NULL

BioF3 10/ 34
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Q- EF

library(biomaRt)

ensembl <- useMart("ensembl", dataset = "hsapiens gene_ensembl")

prot_ids <- rownames(prot mat) # UniProt ID

mapping <- getBM(attributes = c("uniprotswissprot", "hgnc symbol"),

filters = "uniprotswissprot",
values = prot_ids,
mart = ensembl)

# B
prot_mat gene <- prot mat[mapping$uniprotswissprot, ]

rownames (prot_mat gene) <- mapping$hgnc_symbol

MHFEMNE
AR AIE, A= BRIEMRERA—EK:

# RS (FER) IF—3R

common_samples <- intersect(intersect(colnames(rna mat), colnames(beta_gene)),
colnames (prot_mat_gene))

rna_final <- rna mat[, common_ samples]

meth final <- beta_gene[, common_ samples]

prot_final <- prot_mat_gene[, common_samples]

cat ("M :", length(common_samples), "\n")
cat("RNA #¥ff:", nrow(rna_final), "\n")
cat ("FEMIFE: ", nrow(meth final), "\n")

cat("&EBYFE: ", nrow(prot_final), "\n")

o

]

EZRR
e DESeq?2 vignette

o minfi FRAME T

(=}

e biomaRt

e impute

BioF3

1/34


https://bioconductor.org/packages/DESeq2/
https://bioconductor.org/packages/minfi/
https://bioconductor.org/packages/biomaRt/
https://bioconductor.org/packages/impute/
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s FERIAXRIERE

AREXRNBEEREZE, ZH—RERNEXMST. EESFME: MEERERRAZEZEAE-HNES, MLERZE
BirEXMES, UMREEEEREBENREER,

LHEXYE: RV RE
RV RIS =M EME 2 BV REME, BUE 0-1, RUTFiERFEEM Pearson 1%,

library(FactoMineR)

# TTEMM RV RE
rv_rna_meth <- coeffRV(t(rna final), t(meth final))$rv
rv_rna_prot <- coeffRV(t(rna_final), t(prot_final))Srv

rv_meth prot <- coeffRV(t(meth final), t(prot_final))$rv

cat("RNA vs Methylation RV:", round(rv_rna meth, 3), "\n")
cat("RNA vs Protein RV:", round(rv_rna prot, 3), "\n")

cat("Methylation vs Protein RV:", round(rv_meth prot, 3), "\n")

% RNA MIE BRI RV REFE 0.3-0.6 Z[8, FEMAHMKRANBXMER (ANFEAEIERRE, BRE promoter X
BRREASRIAEEX) .

Cis fHX o

Cis lHXIENERA— M EREARREZE 2 BEXE, RRHENGFE: EPNEREM promoter FEMN/KESEEHH
mRNA FKIAZ[B)#] Pearson 18X,

# HEAMEHENER

common_genes <- intersect(rownames(rna_final), rownames(meth final))

# BEERAITEREX
cis_cor <- sapply(common_genes, function(g) {
cor (as.numeric(rna_final[g, ]),

as.numeric(meth final[g, 1),

method = "pearson", use = "complete.obs")

})

# D

summary (cis_cor)

hist(cis_cor, breaks = 50, main = "Cis correlation: RNA vs Methylation",
xlab = "Pearson r", col = "steelblue")

FHAG R AE o EREM cis 18XER 0, DEoEsEMAEX (promoter BEMAINFIRIA) . WRIRBRNARZIEEXR, A6
=MEIEI T gene body MAE promoter,

IEEEXHRE
Fi ComplexHeatmap BI—3K5E1EXIEF, B top TREREARFHZEZENXER:

BioF3 12 /34
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library(ComplexHeatmap)

library(circlize)

# 1% top 500 LRERE (£ rNA B)
rv <- apply(rna_final, 1, var)

top_genes <- names(sort(rv, decreasing = TRUE))[1:500]

# RIRE=F#HEN
top_common <- Reduce(intersect, list(top_genes,
rownames (meth_final),

rownames (prot_final)))

# 1TE RNA vs Protein RIZEREREREX
rna_prot_cor <- sapply(top_common, function(g) {
cor (as.numeric(rna_final[g, 1),
as.numeric(prot_final[g, 1),
use = "complete.obs")

})

# RE: TRER, JIZHERER
cor_mat <- cbind(
RNA_Meth = cis_cor[top_common],

RNA_Prot = rna_prot_cor[top_common]

col fun <- colorRamp2(c(-1, 0, 1), c("blue", "white", "red"))
Heatmap(cor_mat, name = "Pearson r",

col = col_fun,

cluster columns = FALSE,

show_row_names = FALSE,

column_title = "Cross-layer cis correlation")

Trans HXAEREM
Trans 8% (—PEEMNBEMSS—PEENFE) EHELE 0(n"2) 1, HERSHTIME, #RHKE:

o REBEBEMEIREXAMN pair (tbad TF # target)
o 5P WGCNA #i&ER, BERREHERX
o F MOFA2 B9R 73R EIEIHIR trans AL

BXEFFTER

BHEXTMER—EBRS TR 2. BEANKANAEBXTERAR (RENMTRER), LIEERRES LFRE, IRE
EFE RN, Z[8 Mendelian randomization 5 mediation analysis.,

W

I

ERR

e ComplexHeatmap TEEF i
e FactoMineR RV Z#K

o circlize Eifa G}
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https://jokergoo.github.io/ComplexHeatmap-reference/book/
http://factominer.free.fr/
https://jokergoo.github.io/circlize_book/book/

LIRS BATH
BioF3 HFKIEDT SHFBEIHTFHR

e Methylation-expression cis D #4zik (Bock 2012),

BioF3 14 /34


https://doi.org/10.1038/nrg3273
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os. WGCNA 5HRXEIR

WGCNA (Weighted Gene Co-expression Network Analysis) BEMEERTERIANLE, IELANERESERLTTME
3, 8MERRR—BHEIZTHNER, EZAHFEESH, WGCNA BIEIRETERN $HEEZE "HFER, BT UBRGIRE
MERELFRIBEEFI ABEZEZEBRERT.

EifiiE

%

BioF3

library(WGCNA)
allowWGCNAThreads ()

# BN T=EAE, JIRER (ERHRE)

datExpr <- t(rna_final)

# 1. EEHMEFE (soft threshold)
powers <- c(1:20)

sft <- pickSoftThreshold(datExpr, powerVector = powers, verbose = 3)

# IH scale-free topology fit
plot(sft$fitIndices[, 1], -sign(sft$fitIndices[, 3]) * sft$fitIndices[, 2],

xlab = "Soft Threshold (power)",
ylab = "Scale Free Topology Model Fit (signed R"2)",
type = "n", main = "Scale independence")

text (sft$fitIndices[, 1], -sign(sft$fitIndices[, 3]) * sft$fitIndices[, 2],
labels = powers, col = "red")

abline(h = 0.85, col = "red")

£ R"2 BIXiEBd 0.85 B power {H. 1B% RNA-seq HURETE 6-12 Z[8),

15 /34
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HEMLE S RIRIAF

# 2. —HEENE

net <- blockwiseModules (datExpr,
power = 8,
TOMType = "unsigned",
minModuleSize = 30,
reassignThreshold = 0,
mergeCutHeight = 0.25,
numericLabels = TRUE,
pamRespectsDendro = FALSE,

verbose = 3)

# IRREE
moduleColors <- labels2colors(nets$colors)

table(moduleColors)

# EREN + RIREE

plotDendroAndColors (net$dendrograms[[1]], moduleColors[net$blockGenes[[1]]],
"Module colors", dendroLabels = FALSE,
hang = 0.03, addGuide = TRUE, guideHang = 0.05)

RIRS REIFYKEX

B MEHRA module eigengene (ME, EMERABERERANE—EMD) KK, AEHE ME SIRRKREAEX:

MEs <- netS$MEs
# iIT8 ME S5REMEX
trait_data <- data.frame(
subtype = as.numeric(factor(col_data$subtype)),

stage = as.numeric(factor(col_dataS$stage))

cor ME trait <- cor(MEs, trait data, use = "p")

pval_ME trait <- corPvalueStudent(cor ME_trait, nrow(datExpr))

# RERT
library(ComplexHeatmap)
Heatmap(cor ME trait, name = "Correlation",
cell fun = function(j, i, x, y, w, h, £ill) {
if (pval ME trait[i, j] < 0.05)
grid.text("*", x, y)
)

BIRGRTFIED
MRIVEF MEIIEE (K20 TCOA MIESAIADY), AILMRIS MEREE - M MIRENRTRT. XA

modulePreservation EE§Q3

BioF3

16 /34
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# ERBEZNHIES

datExpr2 <- t(rna validation)

# RESEHE

multiExpr <- list(

Discovery = list(data = datExpr),

Validation = list(data = datExpr2)
)

multiColor <- list(Discovery = moduleColors)

# TERTE

mp <- modulePreservation(multiExpr, multiColor,
referenceNetworks = 1,
nPermutations = 200,
randomSeed = 1,

verbose = 3)

# Zsummary > 10 Rn=EMRS, 2-10 FF, < 2 MRS
stats <- mpSpreservation$zSref.Discovery$inColumnsAlsoPresentIn.Validation

print(stats[, c('"moduleSize", "Zsummary.pres")])

EZHFEAHRINARE
WGCNA EIREESSTHERTAE:

1. 451ERESE: A ME B ETTER, BOEEBSEENMALR, LU0E 20 MERKN ME IERARE—&iX#
MOFA2,

2. BEWIE: £ RNA RRIIMEIR, RENNEREEAERREMEES A —HNERR.

o

]

EZRR
e WGCNA EA#IE

e WGCNA FAQ
e Langfelder & Horvath 2008 [E4i18X

e modulePreservation j5AH

BioF3
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https://horvath.genetics.ucla.edu/html/CoexpressionNetwork/Rpackages/WGCNA/Tutorials/
https://horvath.genetics.ucla.edu/html/CoexpressionNetwork/Rpackages/WGCNA/faq.html
https://doi.org/10.1186/1471-2105-9-559
https://horvath.genetics.ucla.edu/html/CoexpressionNetwork/Rpackages/WGCNA/Tutorials/Consensus-Preservation.pdf

BioF3 HFEIEH T

o MOFA2 EF 017358k

MOFA2 (Multi-Omics Factor Analysis v2) FIMIZRE[E D BEMNZ AR IEDIRIVERF, ST AFHEIR—MEEZNH
ETEER, TINEEN"ZESERN PCA", ATHE MOFA2 B4 CLL (IBMEMEMEEME) EEEBSERF

HiEEESERII%

MOFA2 1S KAE N EIRBIES, MultiAssayExperiment 335, CLL HUBEES 4 TMHEE (MRNA, Methylation,

Mutations. Drug response) #1200 MEZ,

library (MOFA2)
library(ggplot2)

# HA cLL ROIEUE
file <- system.file("extdata", "CLL data.hdf5", package

model <- load model(file)

# BEEMEAER

model

AR MKINEGRAEEY -

BioF3

# MIEMEFIREIZE MOFA KR
data list <- list(
mMRNA = rna_final,
Methylation = meth_final,

Protein = prot_final

mofa_obj <- create mofa(data list)

# RESE
data_opts <- get_default_data_options(mofa_obj)
model opts <- get default model options(mofa obj)

model opts$num factors <- 15

train opts <- get default training options(mofa obj)
train opts$convergence mode <- "slow"

train opts$seed <- 42

mofa_obj <- prepare mofa(mofa obj,

data options = data_opts,

model options = model_ opts,

training options = train_opts)

# %k (FE Python MEHLE mofapy2)

model <- run _mofa(mofa obj, outfile = "mofa model.hdf5")
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HEmRR
E—SRESTEFESAYERRT SOSE, KRETWERFESREADN.

Variance explained per view per factor
Factors capturing cross-view variation are biologically most interesting

single_group

Factor10

Factor9 {

Factor8

Factor7 {

Factor6

Factor5

Factor4

Factor3 {

Factor2 4

Factor1

view_0 view_1

# RE: TRETF, JIREFE

plot_variance explained(model, x = "view", y = "factor")
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Total variance explained per view
How much of each omics layer is captured by the MOFA model

single_group

60 1

40

Variance explained (%)

view_0 view_1

# BMAFZEHRAERFRENEAE
plot _variance_explained(model, plot total = TRUE)[[2]]

WRETEFRE—EAESAHZERM, ERMOZZERFNESR; NREZEHATHK, CHIRNEBAZNHEES, B
BEAEMFEEN.

BEFIRE

RE (weights) HIFRETEFHMPLFEERR, NELHERFERIZEAFHIZOME .
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Factor 1: top features in view_0
Features with highest absolute weight drive this factor

Factor1

feature_936_view_0 1

+
feature_780_view_0 ° +

feature_902_view_0 A

feature_235_view_0 1 ® -
feature_605_view_0 1 g -
feature_843_view_0 1 ® -

= feature_668_view_0 A ® -

)
o
5 feature_73_view_0
=
©
(5}
2

feature_819_view_0 A °

feature_297_view_0 A

A s

feature_140_view_0 1 ®
feature_894_view_0 A °
feature_367_view_0 1 ®
feature_267_view_0 1 ®
feature_755_view_0 1 ° +
0.0 0.3 0.6 0.9
Weight

# Factor 1 £ mRNA /ZfY top WEIHE

plot_top weights(model, view = "mRNA", factor = 1, nfeatures = 15)

XLE top FHERT A EMEE DT (GSEA. GO), BEMNRLEHREEMEE.

EFSo5FEEs

F1845 (factor values) BB MEARTEZREF LAILER, £l PCA B score,

|
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Factor 1 vs Factor 2
Each point is a sample; separation indicates distinct biology

7.51 o
5.0
P
o
@) (@]
o (e
2.54
Q °° °
]
2 ° o [}
If o <)
o & e
0.0 ° 0 @ o%% @ & oo o°° °
o ° °
° o
° g
o
25| o H o
8 °
o
o o
-5.0 1
-4 0 4
Factor1
# H Factor 1 ] Factor 2 EfAE, RIEERE
plot_factor(model, factors = c(1, 2), color_by = "IGHV")

BioF3
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# RFZERNEXYE CERER MR 0)

plot_ factor cor(model)
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Data completeness across views and samples
Grey = missing; MOFA handles partial overlap natively

N=100

view_1
D=1000

view_label

view_0
D=1000

sample

# BRRERBENRAEEEAES

plot_data_overview(model)

CLL #¥E&E+ Mutations RERAIR %, {E MOFA2 BEIERLMIE,

B FHIEF T
SHRFNER, T—SRERCHENFAN:

library(msigdbr)
library(fgsea)

# JREY Factor 1 7f mRNA EHIINE

weights <- get_weights(model, views = "mRNA", factors = 1, as.data.frame = TRUE)
gene_ranks <- setNames(weights$value, weights$feature)

gene_ranks <- sort(gene_ranks, decreasing = TRUE)

# F Hallmark EREEM GSEA
hallmark <- msigdbr(species = "Homo sapiens", category = "H")

pathways <- split(hallmark$gene_symbol, hallmark$gs_name)

fgsea_res <- fgsea(pathways, gene_ranks, minSize = 15, maxSize = 500)

head(fgsea_res[order(pval), ], 10)

SERR
. MOFA2 B3I

e MOFA2 it (Argelaguet et al. 2020)
¢ mofapy2 Python £
o fgsea EENIT
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https://biofam.github.io/MOFA2/tutorials.html
https://doi.org/10.1186/s13059-020-02015-1
https://pypi.org/project/mofapy2/
https://bioconductor.org/packages/fgsea/

BioF3 A EIEDHT SEFBATHRFH

e msigdbr EFE
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https://cran.r-project.org/web/packages/msigdbr/
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or . SNF B EM 455 T BLiR 5

SNF (Similarity Network Fusion) EJZBEEH MOFA T2 AE: ENMIENRDER, MENES—RAFRIEDHIMEREAEMN
W%, REEXEMERER—TR—HINE. BEENMEFIMURIERZE (spectral clustering) SRIRFITLEY,

BEER

1. WE—BAPHIE, ITEHAEMNERE) (BEARKESR)

2. IEIE BB pE LA AB NI FERE (B scaled exponential kernel)

3. M58 K ia45BE (KNN graph)

4. ZRXRE: S—EANEREGE T HER, RERKHE— 1 RmEME

MENZOEERE: MRMMEAESEREPHEMN, ENERENETNERIBINE NRIE-FBL, EERIEH

BAiE
library(SNFtool)

# WA\ BREEIEER, TEES, JIRHE
rna_t <- t(rna_final)
meth t <- t(meth final)

prot_t <- t(prot_final)

# S

K <- 20 # ILPE
alpha <- 0.5 # B5%
iter <- 20 # ERIRE

# 1. ITHIEEBER
dist_rna <- dist2(as.matrix(rna_t), as.matrix(rna_t))
dist _meth <- dist2(as.matrix(meth_t), as.matrix(meth t))

dist prot <- dist2(as.matrix(prot_t), as.matrix(prot t))

# 2. FMEABLUMERLE

W_rna <- affinityMatrix(dist_rna, K, alpha)
W_meth <- affinityMatrix(dist_meth, K, alpha)
W_prot <- affinityMatrix(dist prot, K, alpha)

# 3. BIEM%
W_fused <- SNF(list(W_rna, W _meth, W prot), K, iter)
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HEDH

BRERRMETLE

# B eigen-gap AIEMEITRMEEE

C_best <- estimateNumberOfClustersGivenGraph(W_fused, NUMC =

cat ("HEFREE:", C_best$ Eigen-gap

At
# IBERE

2:8)

best™, "\n")

clusters <- spectralClustering(W_fused, K = C_best$ Eigen-gap best™)

table(clusters)

# ARSI E

library(pheatmap)

pheatmap (W_fused,
annotation_row =
show_rownames = FALSE,

main =

5 Consensus Clustering Eb3%

data.frame(Cluster =

show_colnames =

factor(clusters)),
FALSE,

"Fused similarity network")

SNF # consensus clustering (3 consensusClusterPlus ) #PEEMILEL LI, 1BRIEARE:

AE SNF

EIPN ZEEIED AIMENLE
Barn MERS (FHES)
IR BHEHME wir, REERIKSEHIGE
TRK1E 35

ERES Pt eigen-gap

SRR AR ARG ERER, BLERE

A, WR-H,

library(ConsensusClusterPlus)

# PHERERE

FZEAE.

combined <- rbind(rna_final, meth_final, prot_final)

# Consensus clustering

cc_results <- ConsensusClusterPlus(combined,

BioF3

maxK = 8,
reps = 500,
pItem = 0.8,

pFeature = 1,

clusterAlg = "hc",
distance = "pearson",
seed = 42,

plot = "pdf")

Consensus Clustering
BE AR ENSER
EXtF + REREM (RHRS)
RE, RERRISHAIHERER
% Fs

CDF / delta area
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T B 5 G ARER B K EX

# EREERNRKEDEH

cluster df <- data.frame(
sample = rownames(rna_t),
cluster = factor(clusters),
subtype = col data$subtype,
stage = col_data$stage

# Fisher #3%: |k vs BHITLE

fisher.test(table(cluster_df$cluster, cluster dfS$subtype))

# EEFEDW
library(survival)

library(survminer)

surv_obj <- Surv(col datasos_time, col_data$os_event)

fit <- survfit(surv_obj ~ cluster_df$cluster)

ggsurvplot(fit, data = cluster df, pval = TRUE,
palette = "jco", risk.table = TRUE)

DB

SNF 3 K (IT<B%) LEHREUK, BINFE K = 10-30 SEEAIIHE, BEREERESRE. alpha BEEEN 0.5, ERIXE 20
IRETBU

ZERR
e SNFtool CRAN
o SNF [FIA1® W (Wang_et al. 2014)

e ConsensusClusterPlus Bioconductor

e spectral clustering [FI2

BioF3 28 /34


https://cran.r-project.org/web/packages/SNFtool/
https://doi.org/10.1038/nmeth.2810
https://bioconductor.org/packages/ConsensusClusterPlus/
https://arxiv.org/abs/0711.0189
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os . N2 ) FMAR B

BIEJUVTMERME" LRGSR (BF. ER, WE), RRREQ" " BSAZHETNRKRERS (NBMIEN, £7RK
SRR, $Z/b\lﬂEﬁE'§ll]ﬂM:7}=' BEBEPELETNANFEFE, UWRIENRITEERZ X IR,

FHILIR SRR
SEPHBNBEREAT AN (p>>n), EEREQINAE, BINBEAEREE:

1. BEFFREHIE: SEMUMAZELEHNERDIT, RES top 451E, BHHE
2. AESERMYFE: MOFA EF15%9 . WGCNA &R eigengene T’Ejg’iﬁ)\
3. BRARNI%ERE: H elastic net 8 Random Forest IR BIFIEIEE Y

# FiE 10 BEE top 500 SERIFIE
select_top <- function(mat, n = 500) {
rv <- apply(mat, 1, var)

mat[names (sort(rv, decreasing = TRUE))[1l:n], ]

rna_sel <- select top(rna_final, 500)
meth_sel <- select_top(meth_final, 500)
prot_sel <- select_top(prot_ final, 200)

# P
X <- t(rbind(rna_sel, meth_sel, prot_sel))

y <- factor(col_data$subtype)

Elastic Net 928
Elastic net 87 L1 (4HE%EE) L2 FREH) ENML, S84/ \HFRigs:

library(glmnet)

# alpha = 0.5 2 elastic net; alpha = 1 =2 lasso
set.seed(42)

cv_fit <- cv.glmnet(X, y, family = "multinomial",

alpha = 0.5, nfolds = 5)

# 1l lambda
plot(cv_fit)
best lambda <- cv_fit$lambda.min

# ETRE (BRIEHHHFE)

coef list <- coef(cv_fit, s = best_lambda)

selected_features <- lapply(coef list, function(c) {
rownames (c) [which(c[, 1] != 0)]

})
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Random Forest
Random Forest NEEFHIE G, BEAMBIEAM R, HiIRMSFTIEEMHIRF:

library(randomForest)

set.seed(42)

rf _model <- randomForest(X, y, ntree = 1000, importance = TRUE)

# 00B FHIRE

print(rf model)

# FHEEEMY

imp <- importance(rf model, type = 1)

top_imp <- head(sort(imp[, 1], decreasing = TRUE), 30)
barplot(top_imp, las = 2, main = "Top 30 features by importance",

cex.names = 0.6)

R Xkt
SEFTNRLESHLOBZLESME (data leakage) , HDEFVIHEXRIIENNETH, THEMSDRIBLTES
AEBH CV.

library(caret)

# IEFRME: B caret MIHRE cv

ctrl <- trainControl(method = "repeatedcv",
number = 5,
repeats = 10,
classProbs = TRUE,

summaryFunction = multiClassSummary)

# 8 fold WEMIHIDIEE + BB

set.seed(42)

rf _cv <- train(X, y,
method = "rf",
trControl = ctrl,
tuneLength = 5,
metric = "AUC")

print(rf cv)

WEREAEMR/) (< 50), E[E leave-one-out CV (LOOCV) Ef repeated 5-fold CV EE/NAHZE,

ZHF vs BAFRIFN A LER
— P ERETR: SAFEALTANLSAFTNETF? BEMNRIR:
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# DAIBREREIEIL

rf rna <- train(t(rna_sel), y, method = "rf", trControl
rf meth <- train(t(meth_sel), y, method = "rf", trControl
rf prot <- train(t(prot_sel), y, method = "rf", trControl

# R
results <- resamples(list(
MultiOmics = rf cv,
RNA_only = rf rna,
Meth_only = rf_meth,
Prot_only = rf prot
))
summary (results)
dotplot(results, metric = "AUC")

ctrl, metric = "AUC")
= ctrl, metric = "AUC")
= ctrl, metric = "AUC")

WRZAFRBEZRRT, RAGERIRNEE-—BELEE. XA HERMENSL.

EFFN

MRBMREEEFEREMAZ DL, F Cox BlVIEE elastic net:

library(glmnet)

surv_y <- Surv(col_data$os_time, col_data$os_event)

"ecox" ,

5)

cv_cox <- cv.glmnet(X, surv_y, family =
alpha = 0.5, nfolds =
# C-index

max (cv_cox$cvm)

SERR

¢ glmnet vignette

AL/

e caret

e randomForest £l

(Hastie et al. ESL Ch.7)
o ZIASITNLRIA (Picard et al. 2021),

BioF3
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https://glmnet.stanford.edu/articles/glmnet.html
https://topepo.github.io/caret/
https://cran.r-project.org/web/packages/randomForest/
https://hastie.su.domains/ElemStatLearn/
https://doi.org/10.1093/bib/bbab044

BioF3

ARLIED

o BEERMEMSRESIRE

HI5E MOFA, SNF SR IIRAZ f5, RF LB —HREF. BR REGENRHIIIIR, IEBFRETRRE
EEEERENZES, ANTERNARNEHIL.

MEF2IE

MOFA EFrINREF R A _EE— ranked gene list, BJIAEEI%#H GSEA:

library (MOFA2)
library(fgsea)
library(msigdbr)

# JRBY Factor 1 7£ mRNA EHIINE
weights <- get weights(model, views = "mRNA", factors = 1, as.data.frame = TRUE)
gene_ranks <- setNames(weights$value, weights$feature)

gene_ranks <- sort(gene ranks, decreasing = TRUE)

# Hallmark EREEE
hallmark <- msigdbr(species = "Homo sapiens", category = "H")

pathways <- split(hallmark$gene_symbol, hallmark$gs_name)

fgsea res <- fgsea(pathways, gene_ranks, minSize = 15, maxSize = 500)
sig pathways <- fgsea res[padj < 0.05][order(NES, decreasing = TRUE) ]
head(sig_pathways[, .(pathway, NES, padj)], 10)

WER Factor 1 S£7 cell cycle #1 DNA repair 81, MHE Mutations EthESHETER, RAJAR"Factor 138187 S
BERAERREMHERNERARZTE",

MERZSEI L BYFAIE

SNF 8§ consensus clustering AR EGEFTEHRH SR

# BTIRNERSE

library(limma)

design <- model.matrix(~ 0 + factor(clusters))

colnames (design) <- paste0O("C", l:ncol(design))

fit <- 1ImFit(rna_final, design)
contrast_mat <- makeContrasts(Cl - C2, Cl - C3, C2 - C3, levels = design)
fit2 <- contrasts.fit(fit, contrast _mat)

fit2 <- eBayes(fit2)

# Cl vs C2 By top ZRER
topTable(fit2, coef = 1, number = 20)

SN ILEAY marker BEREFIHRE, B GO/KEGG B, MeeLIE—MEMFENRE (Ll RBERE "RINERE
B,

BioF3
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SERIHELS
BHSEEHFARESRERSHIRS, MERT SRIHEENE—14HE",

# RPTEREZRN—HE
gene <- "TP53"

# RNA B GEIHEZERRA

rna_p <- t.test(rna_final[gene, ] ~ clusters)$p.value

# BAENZE: promoter REMNER

meth p <- t.test(meth_final[gene, ] ~ clusters)$p.value

# EAR: EAFEER
prot p <- t.test(prot final[gene, ] ~ clusters)S$p.value

cat(gene, "across layers:\n")

cat(" RNA p-value:", format(rna_ p, digits = 3), "\n")
cat(" Methylation p-value:", format(meth p, digits = 3), "\n")
cat(" Protein p-value:", format(prot p, digits = 3), "\n")

5 Methods EX

EZ

HFIEXH) Methods RFEEBEZEMUTAST. TEHE—TER:

Multi-omics integration was performed using MOFA2 (v1.8.0).
Input data included transcriptomics (N genes after filtering),
DNA methylation (N CpG sites, promoter-level aggregation),

and proteomics (N proteins). Each layer was independently
preprocessed: RNA-seq counts were variance-stabilized using
DESeq2; methylation beta values were Noob-normalized with minfi;
protein intensities were log2-transformed and batch-corrected
with limma::removeBatchEffect. Features were mapped to gene
symbols using biomaRt. The model was trained with K=15 factors,
slow convergence mode, and random seed 42. Downstream enrichment

analysis used fgsea with MSigDB Hallmark gene sets.

KRN

552 EBRNIMELENTRRE

B IEAREISREE (probe > gene AT {HAER)
REBEDENSE (AFE. SR, KSHRE)
REAECERE

AR

SHFICNE NE:
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EIkE &

I EBRERE RREFESERNTT

Z 2 heatmap E—#{tEARTETRAZHIER
Sankey / alluvial BRI EEARE BRI N
45 R A ML

Forest plot Z4HZ Cox MVARE

library(ComplexHeatmap)

# ZJE heatmap: FE—#t#A, LERE rya, FEERREN, THRER

htl <- Heatmap(rna_final[top genes, order(clusters)], name = "RNA",
show_column_names = FALSE, cluster columns = FALSE)

ht2 <- Heatmap(meth_ final[top genes, order(clusters)], name = "Meth",
show_column names = FALSE, cluster columns = FALSE)

ht3 <- Heatmap(prot_final[top genes, order(clusters)], name = "Prot",

show_column_names = FALSE, cluster columns = FALSE)

ht list <- htl %v% ht2 %v% ht3
draw(ht_list, column title = "Multi-omics heatmap by subtype")

QIE=EJ0E 12
REAINE:

Ria#iE 2 S EERI A HEUEE (GEO. PRIDE, GDC)
SR BEETE GitHub/Zenodo EAFF

R session info 2&ICHE ( sessionInfo() )
BENfFREEE

FEISER (REXH. RENE) BERE

SERR

BioF3

fgsea Bioconductor
msigdbr £

ComplexHeatmap ZEEF A}
ggalluvial £}

ZEZIP Y EEISE (Subramanian et al. 2020)

I8

MOFA2 K&
ComplexHeatmap
ggalluvial

igraph. Cytoscape

forestplot
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https://bioconductor.org/packages/fgsea/
https://cran.r-project.org/web/packages/msigdbr/
https://jokergoo.github.io/ComplexHeatmap-reference/book/
https://cran.r-project.org/web/packages/ggalluvial/
https://doi.org/10.1038/s41576-019-0180-9
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